Abstract: Baseline wander (BW) is a common low frequency artifact in electrocardiogram (ECG) signals. The prime cause from which BW arises is the patient's breathing and movement. To facilitate reliable visual interpretation of the ECG and to discern particular patterns in the ECG signal, BW needs to be removed. In this paper, a novel BW removal method is presented. The hypothesis is based on the observation that ECG signal variation covaries with its BW. As such, the P, Q, R, S, and T peaks will follow the baseline drift. On this basis, the following proposition is true: a reliable approximation of the baseline drift can be obtained from the shape derived from the interpolation of one form of the ECG signal peak (peak envelope). The simulation was performed by adding artificial BW to ECG signal recordings. The signal-to-noise ratio, mean squared error, and improvement factor criteria were used to numerically evaluate the performance of the proposed approach. The technique was compared to that of the Hilbert vibration decomposition method, an empirical-mode decomposition technique and mathematical morphology. The results of the simulation indicate that the proposed technique is most effective in situations where there is a considerable distortion in the baseline wandering.
Introduction
The purpose of an electrocardiogram (ECG) is to measure the electrical potential changes in the heart over a specific time period. Particular cells in the heart produce electrical impulses that spread through the heart, causing it to contract and thereby controlling the heartbeat rate and causing these changes in the electrical potentials [1] [2] [3] [4] . In an ECG, these electrical changes are measured through electrodes positioned on the chest. The electrical impulses are recorded in millivolts, while the idealized heartbeat comprises a number of complexes, three of which are frequently recorded and utilized in medical ECG terminology. These are the P complex, which measures the depolarization of the atrium; the QRS complex, which measures the depolarization of the ventricles; and the T complex, which measures the repolarization of the ventricles. ECGs are extensively used for diagnosis of heart diseases. It is also an essential tool that allows monitoring patients at home, thereby advancing telemedical applications. Recent contributions to this topic were reported in [5] [6] [7] . However, the ECG signal frequently becomes contaminated by both internal and external noises. While there are numerous sources of these noises, the ones of primary interest are instrument and EMG noises, electrode contact noise, motion artifacts, and power line interference [8] . As such, it is necessary to carry out advanced digital processing of the ECG waveforms in order to utilize the electrocardiogram of an individual for identification and diagnosis purposes. Obviously, any noise that appears on the trace of the ECG can complicate diagnosis and identification analysis. Therefore, it is necessary to understand and cancel out the effects of noise from an ECG trace in order to extract the required identifying features of the trace itself.
The baseline is the heart's isoelectric line, which corresponds to an unchanging trace, meaning that the electrical potential is constant. Frequently, there is poor placement or contact between the electrodes and the patient's skin; this results in relative motion of the electrode to the skin as the patient's chest expands and contracts during breathing. This leads to baseline drift [9] [10] [11] [12] . The frequency range of the baseline wander (BW) is usually less than 1.0 Hz; however, for exercise ECG this range can be wider [9, 13, 14] . For reliable ECG interpretation, it is crucial for the BW to be corrected without disturbing the underlying cardiological signals.
This work deals with the problems of BW reduction. Generally, methods used to reduce this kind of disturbance can be divided into two groups: methods based on BW estimation and methods based on high-pass filtering. The first approach will be adopted in this paper. The second approach (high-pass filters) would unavoidably introduce distortions in various parts of the ECG signal, especially in the ST segment due to the spectra of the ST segment that overlap the spectra of the BW [15, 16] . In this paper the estimation of the BW can be obtained from the shape derived from the interpolation of one form of the ECG signal peak (peak envelope). The contributions of this work lie in the aspect of using the cubic spline interpolation with ECG peaks to remove the BW noise without introducing any distortions into the ECG signal.
Several methods of removing this noise from ECG signals were proposed in the literature. These methods include Hilbert vibration decomposition (HVD), in which the highest energy component of the HVD that was the first component corresponds to the BW signal [17] . In [18] BW was removed by using a novel technique based on quadratic variation reduction. In [19] fractal modeling was used to create a projection operator that allows BW removal. The authors of [20] used a system of jointly modeled PI and BW to remove the noise of biopotential signals. With this method, the BW was modeled by a set of harmonically related sinusoids modulated by low-order time polynomials [20] . In another study, the empirical mode decomposition technique was used with a low-pass filter that had been devised from the averages of opening and closing operators [8] . Many other approaches have been reported in the literature to address the problem of ECG enhancement [18, [21] [22] [23] [24] [25] [26] [27] [28] [29] .
This study focuses on modeling and removing the BW noise from the ECG signal by using the shape derived from R-peaks via cubic spline interpolation. The performance of the proposed algorithm is demonstrated through various experiments performed over several records from the MIT-BIH arrhythmia database [30] and synthetic ECG signals [31] . Quantitative and qualitative experiments are carried out for synthetic and real BW noises. Comparative study of the proposed approach with recently published benchmark methods of BW drift correction is also performed. All these experiments show that the proposed method is a good tool for BW removal.
This paper is divided into five sections. After this introduction section, Section 2 outlines the notion of the extrema, the cubic spline interpolation method, and the ECG signal used in the experimentation. The proposed technique is introduced in Section 3. Section 4 presents a number of experimental examples to verify the effectiveness of the proposed method and a comparative study. Finally, conclusions are given in Section 5.
Preliminaries 2.1. Extrema
The extrema of the function f are the minimum and maximum values on a graph. The derivative, or gradient, of a function x = f (t) represents the rate of change, denoted by dx/dt or ∇x(t) . Mathematically, this represents the slope of the tangent to the curve x = f (t) at a given point t . Much can be deduced about the curve by determining the derivative value at each time. Note that when dx dt = 0 , the slope of the tangent to the curve is horizontal; therefore, the curve is said to have a stationary point.
Three types of stationary points may be encountered: local maxima, local minima, and horizontal points of inflection. As evident from their description, local maxima and minima, or relative maxima and minima, are localized extrema (Table 1; Figure 1 ). 
Local minima
Local maxima The stationary point at t = t 2 The stationary point at t = t 5 (see Figure 1 ) satisfies: (see Figure 1 ) satisfies: 
Cubic spline interpolation
Cubic spline interpolation smooths curves without adding irregularities to the signal and therefore it was selected as an appropriate technique to apply to the data.
Assuming that there are n + 1 points on an interval [a, b] [32] :
Let S i (x) be a cubic polynomial on each of the intervals [x i , x i+1 ] , so that we have n different polynomials of this type in total. According to the definition of the cubic spline interpolation, S i (x) can be represented by the following form:
where
, and a 0i a 1i , a 2i , a 3i are undetermined coefficients.
Since S i (x) is a second-order smooth polynomial, a three-moment interpolation will be used to calculate the equations. Then S i (x) can be rewritten in the following form:
with h j+1 = x j+1 − x j , j = 0, 1, · · · , n − 1 and M j is an undetermined parameter.
ECG signals
In this investigation two types of ECG signals will be used to test the effectiveness of the proposed method: 1)
synthetic electrocardiograms generated by an ECG dynamical model [31] , and 2) real electrocardiograms taken from the MIT-BIH database [30] . In the case of the synthetic ECG signals, a BW-free ECG record is corrupted by a priori known BW; therefore the quality of BW removal can be measured in terms of the corresponding estimation error, as will be shown below. For real signals, the quality of the BW removal is evaluated by a visual qualitative comparison of the corresponding detrended signals, since the wandering affecting the true signal is not known.
ECG dynamical model
McSharry et al. [31] proposed a synthetic ECG dynamical generator constituted of three-dimensional state equations (see Eq. (4)), which can generate a trajectory in the Cartesian coordinates: This model has many adjustable parameters, which makes it adaptable to many normal and abnormal ECG signals.
The drift of the baseline with respiration can be represented by a sinusoidal component at the frequency of respiration added to the ECG signal.
The baseline drift of the synthetic ECG signal (modeled by Eq. (4)) has been added by using the extra term z 0 , which is coupled with the respiratory frequency f 2 as follows:
where f 2 is the respiratory frequency.
ECG signals database
ECG data are taken from the MIT-BIH database [30] . The MIT-BIH Arrhythmia Database contains 48 excerpts of 30 min each of two-channel ambulatory ECG recordings, obtained from 47 subjects studied by the BIH Arrhythmia Laboratory between 1975 and 1979. Twenty-three recordings were chosen at random from a set of 4000 ambulatory ECG recordings of 24 h each collected from a mixed population of inpatients (about 60%) and outpatients (about 40%) at Boston's Beth Israel Hospital; the remaining 25 recordings were selected from the same set to include the less common but clinically significant arrhythmias that would not be well represented in a small random sample.
The recordings were digitized at 360 samples per second per channel with 11-bit resolution over a range of 10 mV. Two or more cardiologists annotated each record independently; disagreements were resolved to obtain the computer-readable reference annotations for each beat (approximately 110,000 annotations in total) included with the database.
Materials and methods
The flowchart in Figure 2 depicts the stages of the experimental method of removing the BW from ECG signals. The process commences by determining the extrema of the input ECG signal. The local maxima and minima were identified using the method described in Section 2.1. As the variation in the ECG signal tracks the BW, the P, Q, R, S, and T peaks will consistently follow the same shape as the baseline drift. This leads us to the following proposition:
Proposition

Among all ECG waves (P, Q, R, S, and T), let us consider the R-waves due to their high amplitude and fast variation as well as being quite resistant to noise.
The shape derived from the interpolation of the peaks of the R-waves (peaks envelope) is a suitable estimate for the BW.
Therefore, an R-peak detection algorithm will be needed. Such an algorithm comprises two stages:
1. Identification of the maxima and minima of the ECG data by using the stationary point approach outlined in Section 2.1.
2. Use of a trial and error approach to find a threshold in the ECG amplitude to isolate R-peaks from other peaks. As a perspective, we propose here the use of an automatic method for R-peaks detection like the Pan and Tompkins method [33] .
Having determined the R-peaks, a cubic spline curve (see Section 2.2) is used to interpolate the R-peaks in order to obtain the upper envelope e up (t), which is assumed to have the form of the BW. The upper envelope e up (t) represents a shifted form of the BW signalb(t) to be estimated. By subtracting the difference between the means of the upper envelope and ECG signal from the upper envelope, an estimate of the BW can be determined as indicated by:b
whereb(t) is the estimate of the BW signal, e up (t) is the detected upper envelope, and x(t) is the corrupted ECG signal containing the BW.
The BW in an ECG signal is modeled as a low-frequency additive noise [34, 35] ; therefore, an estimate of the clean ECG signalx(t) can be derived from the straightforward subtraction of the BW signalb(t) from the corrupted ECG signal x(t) as follows:
Results and discussion
In this section, simulation and experimental tests on both synthetic and real ECG signals are carried out to evaluate the performance of the proposed method.
For evaluation purposes, input signal to noise ratio (SNR), output SNR, the mean squared error (MSE) criterion, and the improvement factor (Imp) will be used. These evaluators are defined as follows:
• Input SNR:
• Output SNR:
• Improvement factor (Imp):
• MSE:
where x c is the clean ECG signal,x is the estimated ECG signal, and b is the baseline wandering noise. 
Baseline wander removal from a synthetic ECG signal
The considered ECG signal is generated according to the model given in Eq. (4) with a period of 1 s. The parameters of this synthetic ECG signal are given in Table 2 . Let us now introduce BW with amplitude of 0.15 mV and respiratory frequency f 2 equal to 0.25 Hz (see Eq. (5)).
The starting point of our approach is the determination of all extrema of the ECG signal. In this investigation, local minima and local maxima of the ECG signal are identified efficiently as shown in Figure 3 using the stationary point approach discussed in Section 2.1.
The second step of the method is to separate the R-peaks from the other peaks by applying a thresholding on the considered ECG signal amplitude as shown in Figure 4 . Once the R-peaks are obtained, they will be interpolated by a cubic spline curve, which will give us the upper envelope e up (t) having the shape of the BW (see Figure 5 ).
As shown in Section 3, the detected upper envelope e up (t) represents a shifted version of the BW signal b(t) ; however, the BW estimate is obtained using Eq. (6). Therefore, and as shown in the Figure 6 , an excellent BW estimate is obtained.
Finally, the BW is removed from the corrupted ECG by using Eq. (7), and the result is shown in Figure  7 , where it can be seen that the proposed method has an excellent ability to remove the BW distortion.
To evaluate quantitatively the performance of the proposed method, we have used the SNR, MSE, and Imp criteria as shown in Table 3 , in which significant improvements are noted.
Note that the BW and ECG signal have overlapping bands in the low frequency region of their spectra [36] . Unfortunately, distortion in this band negatively affects the shape of the ST segment, which is the portion connecting the QRS complex with the T-wave. The ST segment has strong clinical relevance, since deviations from its physiological level reflect an existing acute coronary syndrome, which is one of the most severe forms of heart disease and the main cause of mortality in developed countries [37] . Note that the proposed method did not distort the spectrum of the original ECG signal as we see in Figure 8 and Figure 9 ; therefore, the method preserves all important clinical information. Figure 10 depicts an example of baseline-corrected real ECG 109.dat [30] . Note that all amplitudes of the real ECG signals used in this investigation are represented in digital format (binary numbers). The recorded ECG signal (105.dat) of the MIT-BIH arrhythmia database [30] was used to assess the performance of the technique under investigation in the case of severe baseline distortion. A highly distorted artificial BW with an amplitude of 100 (digital value) was added. In Figures 11a-11c we show the effectiveness of the method and its success in removing high amplitude baseline distortion from the real ECG signal. It can also be seen that the method extracts both artificial BW and real BW (compare Figures 11a and 11c) . Numerical evaluation of the proposed method is presented in Table 4 in terms of SNR, MSE, and Imp factor criteria, in which significant improvements are noted. In what follows, we compare the proposed method against the BW removal methods based on HVD [17] and EMD-MM [8] as described earlier. In order to produce a valid comparison, the method has been simulated with the same parameters, test signals, and noise, and under the same conditions using the same evaluation criteria as those used in the comparison studies with the benchmark methods. The results of the comparison are presented in Table 5 . As the findings of the study show, the proposed method provides a better SNR compared to the other methods. To be general, the method will be applied in what follows to many ECG signals selected from the two types of ECG data available from the MIT database [30] : 1) the MIT-BIH Arrhythmia Database and 2) the MIT-BIH Normal Sinus Rhythm Database. As Figures 12-19 demonstrate, the method is very effective for removing the baseline drift. 
Baseline wander removal from real ECG signal
Conclusion
This study employed an experimental method that used the shape derived from the R-peaks via cubic spline interpolation (upper envelope) to remove the BW from an ECG signal. The results of the simulation indicate that the method used was successful and superior to the established HVD and EMD techniques. The characteristic waveforms of the ECG signal were preserved and the BW was minimized, maintaining the clinically valuable ECG information. Note that the performance of the proposed methods could be further improved by applying better R-peaks detection methods.
